This article was downloaded by: [139.179.72.75] On: 29 June 2018, At: 10:35
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Mathematics of Operations Research

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Sequential Sensor Installation for Wiener Disorder
Detection

Savas Dayanikhttp://sdayanik.bilkent.edu.tr, Semih O. Sezerhttp://people.sabanciuniv.edu/
sezer

To cite this article:
Savas Dayanikhttp://sdayanik.bilkent.edu.tr, Semih O. Sezerhttp://people.sabanciuniv.edu/sezer (2016) Sequential Sensor
Installation for Wiener Disorder Detection. Mathematics of Operations Research 41(3):827-850. https://doi.org/10.1287/

moor.2015.0756

Full terms and conditions of use: http://pubsonline.informs.org/page/terms-and-conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2016, INFORMS

Please scroll down for article—it is on subsequent pages

‘informs,

INFORMS is the largest professional society in the world for professionals in the fields of operations research, management
science, and analytics.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

RIGHTS LI N K}


http://pubsonline.informs.org
https://doi.org/10.1287/moor.2015.0756
https://doi.org/10.1287/moor.2015.0756
http://pubsonline.informs.org/page/terms-and-conditions
http://www.informs.org

Downloaded from informs.org by [139.179.72.75] on 29 June 2018, at 10:35 . For personal use only, all rights reserved.

RIGHTS

MATHEMATICS OF OPERATIONS RESEARCH inf
Vol. 41, No. 3, August 2016, pp. 827-850 In I o
ISSN 0364-765X (print) | ISSN 1526-5471 (onli

(print) | (online) http://dx.doi.org/10.1287/moor.2015.0756

©2016 INFORMS
Sequential Sensor Installation for Wiener Disorder Detection

Savas Dayanik

Departments of Industrial Engineering and Mathematics, Bilkent University, 06800 Ankara, Turkey,
sdayanik @bilkent.edu.tr, http://sdayanik.bilkent.edu.tr

Semih O. Sezer

Sabanci University, Faculty of Engineering and Natural Sciences, 34956 Tuzla, Istanbul, Turkey,
sezer @sabanciuniv.edu, http://people.sabanciuniv.edu/sezer

We consider a centralized multisensor online quickest disorder detection problem where the observation from each sensor is
a Wiener process gaining a constant drift at a common unobservable disorder time. The objective is to detect the disorder
time as quickly as possible with small probability of false alarms. Unlike the earlier work on multisensor change detection
problems, we assume that the observer can apply a sequential sensor installation policy. At any time before a disorder alarm
is raised, the observer can install new sensors to collect additional signals. The sensors are statistically identical, and there
is a fixed installation cost per sensor. We propose a Bayesian formulation of the problem. We identify an optimal policy
consisting of a sequential sensor installation strategy and an alarm time, which minimize a linear Bayes risk of detection
delay, false alarm, and new sensor installations. We also provide a numerical algorithm and illustrate it on examples. Our
numerical examples show that significant reduction in the Bayes risk can be attained compared to the case where we apply
a static sensor policy only. In some examples, the optimal sequential sensor installation policy starts with 30% less number
of sensors than the optimal static sensor installation policy and the total percentage savings reach to 12%.
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1. Introduction. Suppose that we simultaneously collect observations from /-many identical sensors, each
providing continuous signals of the form

X" =W+ p(t -0y, 120, i=1,....1, O

where the W’s are independent Wiener processes, i # 0 is a given constant, and © is an unobservable random
variable with the prior distribution

P{®=0}=m and PO>t}=(1—-me™, >0 ()

for known 7 € [0, 1) and A > 0. The random variable O is the time of the onset of a new regime, and the
objective is to detect this disorder as quickly as possible after it happens, based solely on our observations.
We assume that at any time before we declare a change, we can install new sensor(s) in order to enrich our
observations at a fixed cost of b per sensor. Each additional sensor is identical to those already in place and
contributes another process of the form in (1).

Let 0 = (7, T,,...) denote a sensor installation policy where 7; is the installation time of the ith additional
sensor, and let 8(¢) := >, 1, -, be the number of additional sensors deployed by time # for # > 0. If we raise
the disorder alarm at some time 7, then the cost of additional sensors is b8(7), and together with the costs of
detection delay and false alarms we incur a total expected cost of

R*"(I, m) :=E[1 ;o) + (7 — ©)" +b8(7)], €)

where ¢ > 0 is the unit cost of delay. Here, without loss of generality we assume that the cost of false alarm
event is one.

In this setup, our objective is to find a sequential installation policy é and an alarm time 7 that will minimize
the Bayes risk in (3). Clearly, the installation time 7; of the ith sensor, i > 1 must be a stopping time of the
observations generated by the already installed [+ i — 1 sensors, and the alarm time 7 must be a stopping time
of the observation filtration associated with the given policy 6.

As the Bayes risk in (3) is minimized, our formulation always allows the option to instantaneously install
all of the sensors at any time, especially, at the very beginning. It is, however, natural to ask if spreading the
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sensor installations over time may further reduce the Bayes risk. We later report in §6 on several numerical
examples that optimal sequential sensor installation policy starts with up to 30% less numbers of sensors than
the optimal static installation policy and total percentage savings can reach up to 12%. Those concrete savings
in numerical examples show the importance of the joint Bayesian sequential change detection and sequential
sensor installation problem.

The minimization of the Bayes risk formulation in (3) tries to find the best strike between the total expected
monetary investment into sensors and expected losses due to untimely disorder alarms. The minimization of
the same Bayes risk is also the most natural intermediate step to take in order to minimize the expected total
detection delay time

E(t — ©)*

over alarm time 7 and sensor installation policy &, subject to strict false alarm and budget constraints
P{r<0}<a and E[b6(T)] < B,

respectively, for some fixed acceptable level of false alarm rate 0 < o < 1 and for some maximum total monetary
budget B available for purchasing and installing new sensors. This constrained optimization problem is naturally
attacked by solving its Lagrange relaxation, which boils down to the minimization of the Bayes risk in (3) for
appropriate choices of ¢ and b values.

Various other forms of change detection problems have been studied extensively in the literature because of
their important applications including, for example, the intrusion detection in computer networks and security
systems, threat detection in national defense, fault detection in industrial processes, detecting a change in risk
characteristics of financial instruments, detecting a change in the reliability of mechanical systems, detecting
the onset of an epidemic in biomedical signal processing, and others. We refer the reader to the monographs of
Basseville and Nikiforov [3], Peskir and Shiryaev [25], Poor and Hadjiliadis [26], and the references therein for
those applications and also for an extensive review of the earlier work on sequential change detection.

Considering the applications in environment monitoring and surveillance, there has been a growing interest in
the multisensor change detection problems; see, for example, Crow and Schwartz [11], Blum et al. [7, Section
V-D], Veeravalli [37], Tartakovsky and Veeravalli [34, 35, 36], Chamberland and Veeravalli [10], Mei [23],
Moustakides [24], Tartakovsky and Polunchenko [33], and Raghavan and Veeravalli [27], who consider both
centralized and decentralized versions. In the centralized settings, signals from the sensors are perfectly trans-
mitted to a fusion center, where all the information is processed, and a detection decision is made accordingly.
In decentralized settings, on the other hand, sensors send quantized versions of their observations to the fusion
center, and the detection decision is based on that partial information. Such a formulation is more suitable in
applications where sensors are geographically dispersed and there are constraints on the communication (like
bandwidth restrictions). In those problems, quantization schemes are also part of the decisions to be made by
the observers.

In the above-mentioned works on multisensor problems, it is commonly assumed that the total number of
sensors are fixed in advance. The sensors are already in place at ¢t =0, and the detection decision is based on
the signals received from them only. However, compared to such a static strategy, applying a sequential sensor
installation policy starting with / = 0 sensor may significantly improve the effectiveness of the disorder detection
decisions because the observer can install additional sensors if and when additional information proves to be
useful. Table 1 in §6 displays several numerical examples for which the percentage savings of optimal sequential
sensor installation policies over optimal static sensor installation policies are higher than 11%.

To the best of our knowledge, the combined problem of sequential sensor installation and detection has not
been addressed in the literature beforehand. In the current paper, we formulate this problem in a centralized
Bayesian setting under the assumption that the observations consist of Brownian motions. The formulation with
Brownian motions can be useful when the observations collected from different sensors are in the form of
continuously vibrating/oscillating signals whose quadratic variations depend linearly on time. In the decentralized
version of the problem, which we do not address here, the method developed here clearly does not apply. For
instance, when a finite-alphabet quantization scheme for the likelihood ratio process is used at each sensor as
in, for example, Veeravalli [37], the observations at the fusion center appear as piecewise-constant processes
with jumps at random times. This requires different techniques than those we developed here for the continuous
Brownian observations.

The classical disorder detection problem for the Brownian motion in a Bayesian setting is originally introduced
and solved by Shiryaev [30, 31]. Its multisensor extension is studied by Dayanik et al. [14]. In the meantime,
Shiryaev’s formulation is revisited by Beibel [6] for an exponential Bayes risk and by Gapeev and Peskir [16]
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under a finite-horizon constraint. Recently, Sezer [28] and Dayanik [12] considered the extensions of the infinite
horizon problem with different observation structures; Sezer [28] assumes that the change time coincides with
one of the arrival times of an observable Poisson process whereas Dayanik [12] assumes that the observations are
taken at discrete points in time. In the non-Bayesian formulation, on the other hand, the optimality of cumulative
sum (CUSUM) rule is established by Shiryaev [32] and Beibel [5], and the extension of the problem with
multiple alternatives on the value of the drift after the change is studied by Hadjiliadis [18] and Hadjiliadis and
Moustakides [19]. The latter also establishes the asymptotic optimality of a 2-CUSUM rule when the drift after
the change can be one of two given values with opposite signs. The reader may refer to Hadjiliadis et al. [20]
and Zhang et al. [39, 40] for recent models with multiple (static) sensors having nonidentical change times, and
the references therein for earlier related work in the non-Bayesian framework. For the asymptotic optimality of
the Shiryaev’s procedure in general continuous time models (not necessarily with Brownian observations) Baron
and Tartakovsky [2] can be consulted.

The Bayesian formulation and the solution of the combined problem of sequential sensor installation and the
Wiener disorder detection are the contributions of the current paper. Here, we solve the problem by transforming
it into an optimal multiple stopping problem for the conditional probability process 11, which gives the posterior
probability distribution of the disorder event. By means of a dynamic programming operator, the optimal multiple
stopping problem is turned into a sequence of classical optimal stopping problems. Carmona and Dayanik [8] and
Dayanik and Ludkovski [13] used similar approaches to solve multiple-exercise American-type financial options.
However, unlike the other optimal multiple stopping problems, the problem we encountered in this study hosts
a controlled stochastic process, I, whose dynamics are not fixed, but change every time the control is applied;
namely, every time a new sensor is installed. The structure of the candidate solution was not obvious and guessed
after studying the special structure of the family of optimal quickest detection and static installation problems
indexed by the number of sensors in use. For each value of the number of sensors currently in use, the candidate
solution satisfies a special differential equation in the no-action space and is constructed by continuously pasting
the derivative of the candidate value function at the critical boundaries of candidate sequential installation policy.
The construction was complicated by the fact that, as the number of sensors in use changes, the corresponding
action spaces can be one- or two-sided and the corresponding no-action spaces can be nested or not nested. We
have overcome all of those difficulties and given a precise algorithm to construct the candidates for the minimal
Bayes risk and optimal sequential change detection and sensor installation policy, and then use their properties
to run a verification lemma by applying It6 rule directly. With this outlined solution approach, the paper is
significantly different from other papers in the literature on optimal multiple stopping.

For a given initial number of sensors /, we show that the optimal policy depends on the fixed installation
cost b of a new sensor. If b is high, then we never add any new sensor and we simply apply the classical
one-sided disorder detection policy of Shiryaev [30, 31]. If the cost b is low, then there exist two threshold
points O < Bf < A} <1 such that it is optimal to continue and collect observations as long as the conditional
probability process stays in the interval (B}, Aj). If Il reaches [A], 1] first, the problem terminates with disorder
detection alarm. Otherwise, at the entrance of Il into the interval [0, By], it is optimal to install a new sensor
and proceed optimally with /4 1 sensors. Our numerical results indicate that the intervals (B}, A})’s are not
necessarily nested; see, for example, Figure 5 in §6. Therefore, it may sometimes be optimal to add more than
one sensor at once.

In §2, a formal description of the problem is given. The conditional probability process and its dynamics are
also provided. In §3, we revisit the static multisensor disorder problem (with a fixed number of sensors already
installed at the beginning) and review the structure of its solution. In §4, we introduce a dynamic programming
operator, which itself turns out to be the value function of a special one-dimensional optimal stopping problem.
By means of the dynamic-programming operator, we construct the smallest Bayes risk and describe an optimal
policy in §5. In §6 we conclude with some numerical examples. Finally, in §7, we discuss some extensions.

2. Problem statement. Let (,7%,P) be a probability space hosting independent Wiener processes
W, w® ., and an independent random variable ® with zero-modified exponential distribution

P{®=0}=m and PO>t}=(1-me™, >0
for some 7 €[0, 1) and A > 0. In terms of those stochastic elements let us introduce ®-modulated processes
X,(i) = W,(i) +u(t—0)" foreveryt>0 and i>1,

and for some known constant w # 0.

i,
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Suppose that the time O is unobservable and we would like to detect it using the continuously observed
signals X,’s received only from the deployed sensors. Suppose that we start at time + =0 with /-many sen-

sors already in place yielding observations from X,(]), cey X,([), t>0. At times 7, < 7, <--- of our choice,
we can deploy new sensors at a fixed cost of b > 0 per sensor. The deployed sensors provide observations
(Xt(lﬂ) — X,(,l\tll)),zo, (X,(Hz) — X,(itzz )),20, ..., respectively. An admissible sensor installation policy consists of

8=(7,7,...) withd(r)=3) 1, (1), 1=0,
i=1

where the sensor installation times 7,’s are the stopping times of the appropriate filtrations constructed as follows.
Let 8, be the no-new-sensor policy with ,(¢) =0 for every ¢ > 0. For every n > 1, let

8,= (11,7, ..., 7,), Wwith,(1)=) "1 (1), 1=0
i=1

be an installation policy of at most n-sensors. Let =% = (95 8"),ZO be defined as

. [(e.0l if 1=0
F 0= , =0
a(XW, ..., XD;0<s<1), ifi>1

namely, as the information generated by the sensors already in place. Then, inductively for every n > 1, 7, is a
stopping time of filtration [F»?-1 and we define the filtration "% = (95 5”),20 by

Fhon .= ghomry, a(X — xUtn g <sg<r) forevery t > 0.
Therefore, 7, is also a stopping time of F/% [F/3+1 . and is independent of W(+n W+n+h
In plain words, F"% represents the information stream generated by installing at most n new sensors at
times 7, ..., T, according to the installation strategy 8,. We define the observation filtration, F-° = (¥!?),_,

associated with an admissible strategy 6 as
95’5 = 0'<U Fh 5") for every ¢t > 0.
n>0
Observe that
(r,<t<m JNF2={r,<t<7,,,}NF " forevery >0, m>n=>0, and >0, 4)

and 7, € § is a stopping time of [F"-° for every n > 0.
Let A denote the collection of admissible sensor installation policies. For every policy 6 € A and stopping
time 7 of the filtration F"-® generated under 8, let us define the Bayes risk

R*7(I,m) :=E[1(, )+ (T—O)" +b8(7)]

as the expected total cost of false alarm frequency, detection delay, and sensor installations for some known
constant ¢ > 0. Our objective is to compute the smallest Bayes risk

V(,m):= inf R>(I,m), [>0, wel0,1), 5)

SeA, Tefh?

and find an optimal sensor installation strategy 6* € A and an optimal alarm time 7* € F~?" that attain the
infimum in (5), if such pairs exist.
For every [ >0 and 6 € A, let us define the posterior probability processes

- :=P{e@<t|7-°, >0, (6)

which is a bounded (P, F"-°)-submartingale with the last element I1.° = 1 a.s. thanks to (2). Using standard
arguments of Shiryaev [31, Chapter 4], one can show that the Bayes risk above can be written in terms of the
process IT"? as

Rﬁ”(l,w)z[E”[/() ch’adt+l—H’T’5+b8(7)i|, (7)

Ay
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where E™ denotes the expectation with respect to the measure [P under which the random variable © has the
distribution in (2); that is, Hé’ ® — 7 for any & € A. Therefore, the problem of finding an optimal detection policy
is equivalent to finding a pair (6, 7) minimizing the expectation in (7).

Following the usual change-of-measure technique as in, for example, Dayanik et al. [14, Section 2], it can be
shown that the process IT"? satisfies

dITh? = A(1 = IT2)dr + pIT2 (1= T10) 371 0y (AX — pITodr),  120. (8)

i=1

The processes Xi’L, X0 —p [ 10 0ds, t >0, i <1+ n are independent (PP, {F:%,},=0)-Brownian motions.
Then the dynamics in (8) imply that over the time interval [7,,7,,,) the process II"? behaves as a one-
dimensional diffusion process with drift and volatility

a(m)y:=A(1—m) and  o*(I+n,7):=({+n)u*7* (1 —m)*, respectively. 9)

3. Wiener disorder problem with static monitoring. Suppose that /-many sensors are already in place
and there is no option to install new sensors. This problem has been solved by Shiryaev [30, 31] for [ =1 (see
also Peskir and Shiryaev [25, Section 22]) and the extension to [ > 2 is provided in Dayanik et al. [14]. Let IT
denote the conditional probability process of the static problem; namely,

I =11 % for every >0 and [ >0, and F' =",

The II' process evolves according to

1
I =m, dlll= (1 -1 dr 4 pll(1 =11 Y (dx" — ull'dr), 0. (10)

i=1
The minimal Bayes risk becomes

A

1—A1—/ "k(l,z)dz, for m < 4,

U(l, m) :=inf R " (I, )
11—, for m> A, (11)

/ 1 min{—«(l, z), 1} dz,

where the infimum is taken over the stopping times of [F'; A, is the unique root of k(I, 7) = —1, and
k()= < [_ m +/” L evme)ae-am) dz]
9 . _ _ 2 b
AL 711' o (1-2) (12)
a(m):=1In T -
l-7m «

with a(04) = —o0 and a(1—) = +o0. For [ =0 the solution in (11) still holds provided that we set the integral
in (12) to zero. The mapping 7 > k([, 7r) is strictly decreasing with boundary conditions «(I/,0+) = 0 and
k(l, 1—) = —oo. Therefore, the unique root A, of the equation k(/, 7) = —1 always exists and lies in the interval
A e[A/(A+c), ).

For every [ > 0, the mapping 7 +— U(l, 7) is concave and strictly decreasing on [0, 1]. It is strictly concave
on [0, A)). It satisfies the variational inequalities

{ Uld,m) <1—m }
, me(0,4),
ZIUIU,m)+cm =0 13)
! U(l, ) =1—7T} (
, me(A,1),
ZIUI, m)+cm >0
in terms of the operator
LI, ) == a(m) f,(m) + 107 (I, 7) frp(m) for me(0,1) and [>1, (14)

Ay
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defined for a smooth function f(-) on [0, 1]. Using standard verification arguments with the variational inequal-
ities in (13), one can show that the first exit time of I’ from the interval [0, A,) is an optimal disorder detection
time.

It is easy to see from (12) that [ — k(I, ) is strictly increasing for 7 € (0, 1). Hence, [ — U(I, 7) is
nonincreasing as expected. That is, when there are more sensors, the optimal Bayes risk is smaller and the
observer can better distinguish pre- and post-disorder regimes. In the limiting case as [ — oo, we have k(l, 7)
0 for 7 < 1 due to the dominated convergence theorem, and U(/, 7) \( O due to the bounded convergence
theorem. That is, as the number / of initially deployed sensors increases, the Bayes risk vanishes.

LEMMmA 3.1. For I, < 1), we have k(l,,-) > k(l,,-) on (0,1), and therefore A; < A,. On the interval
m € [A,, 1], it is obvious that U(l,, m) = U(l,, m) =1 — . For w € [A,,A,), we have U,(l,,m) = —1 <
k(ly, m) = U, (L, m). Hence, > U(ly, m) — U(l,, ) is strictly decreasing on this interval. On (0, A, ), we
have

U.(l,,7)—U_(l,, ™) =«k(l;, ™) —k(l,, 7) <0,

and w— U(l,, m) — U(l,, ) is strictly decreasing on this interval as well.

REMARK 3.1. As 7 decreases, a decision maker will observe two separate regimes with higher probability, in
which case we intuitively expect additional sensors to be more useful. Lemma 3.1 indeed confirms this intuition,
and this suggests that it should be optimal to add a new sensor only when the conditional probability process
IT"" is low enough provided that the cost of a new sensor is not high. In §5, we indeed verify that the solution
has this structure.

4. Dynamic programming operator. At the first decision time an observer will either raise the detection
alarm or install an additional sensor. If an alarm is raised first then the detection problem terminates, otherwise
it regenerates itself with a new posterior probability and one extra already deployed sensor. Therefore, we expect
the value function V (-, -) to satisfy

TAT]
V(l,m) = inf/[E’T|:/ 'cHidt+1{T<Tl}(1_Hi)+1{,I<T}(b+V(l+1,Hi,))}

7,1 €F -

1€ 1-() (15)
= inf[ E” |:/ cIl'dt +min{l —IT., b+ V(I +1, HIT)}:| =9[V(I+1,)], m)
Tel 0
in terms of the operator
D11, ) = infl E” |:f cIl! dt +min{1 —TI., b+f(1_[17)}i|, (16)
TeF 0

defined for a bounded Borel function f(-) on [0, 1]. The problem in (16) is a one-dimensional optimal stopping
problem for the process II' in (10) with running cost ¢7r and terminal cost min{l — 7, b+ f()}.

LEmMMA 4.1. Because min{l — 7, b+ f(m)} <1 — a, it is obvious that D[f|(l, w) < U(l, m) for every
bounded f(-).

REMARK 4.1.  For every [ >0 and I1) = 7 € [0, 1), the process II' is a submartingale with the last element
Hio =1 almost surely. For [ =0, it drifts deterministically toward the point 1. For / > 1, it is a diffusion process
and it can be proven as in Dayanik et al. [14, Appendix Al] that the end points 0 and 1 of the state space are,
respectively, entry-but-not-exit and natural boundaries. Moreover, using the dynamics in (10) we obtain

INT,

g AT,

1 .
EIN, =+ [E”/ <A(1 —T0) + S () (1 - Hi)2> ds > [E”f A(1—T1')ds,
\ A : : 3 A :
where 7, denotes the entrance time of IT' into the set [r, 1] for r < 1. For s <7, 1 —II_>1—r and
1=E7IL,, = A(1=n)E7[tAT,],
which further implies that 7, is uniformly integrable in 7 thanks to monotone convergence theorem.

In the remainder of this section, we fix [ and construct Z[f](l,-) for a typical function f(-) satisfying
Assumption 4.1, which lists the properties that V(I 41, -) is expected to possess.
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AsSUMPTION 4.1.  Let f: [0, 1]+ R be any fixed function with the following properties:
(i) It is a strictly decreasing and concave function bounded as 0 < f(-) <U(l+1, ).
(ii) There exists a point A € [A,, 1] such that f(7) =1— 7 for every m €[A, 1]. For w €[0, A), m > f(m)
is strictly concave and f(m) <1 — .
(iii) It is twice continuously differentiable except possibly at a finite number of points where it is contin-
uously differentiable. Its derivative f_(-) is bounded below by k(I + 1,-). Wherever it is twice continuously
differentiable, it satisfies the inequality L[f](l+ 1, w) + cm >0, where the operator & is defined in (14).

The concavity of 7 +— f () implies f,.(-) > —1, which further yields f, (-) > max{k(l +1,-),—1} =
U,(l+1, ). Moreover, we have

ZIfIL M) +em=Z[flU+1,7)+cm— %772(1 — ) f. (m)=>0 17)
——

<0

wherever f(-) is twice differentiable; the inequality is strict for 7 € (0, A) where f is strictly concave.

Using the properties given in Assumption 4.1, we will show that the continuation region of the problem in
(16) is one-sided if b > U(l,0) — f(0), and it is two-sided otherwise. The difference U (I, 0) — f(0) is positive
since f(0) < U(l+1,0) < U(l,0); see Lemma 3.1. We also have f, (-)>U_.(I+1,:)>U_(l,-). Then the
inequality b > U (I, 0) — £(0) implies that b+ f () > U(l, ) for all 7 € [0, 1]. If we interpret the function f(-)
as the value function in (5) with /4 1 sensors already in place, the inequality b+ f(-) > U(l, -) suggests that
adding a new sensor would always be more costly; therefore, we should simply apply the one-sided detection
policy of the static problem in §3.

THEOREM 4.1.  Under Assumption 4.1, we have f(mw) < D[f]|(, 7) < b+ f(m), for all we[0,1].

ProOF. The inequality Z[f](I,7) < b+ f(m) is obvious from the definition of Z[f](-, -) in (16). To
show the inequality f(7) < D[f](l, ), we recall that f,(-) is bounded in [—1,0] and Z[f](l, 7) + cm > 0.
Therefore, when we apply the Itd rule for the process ¢+ f(I1') for a given F'-stopping time 7, we obtain

AN

£ F(L,) — f(m)= €7 [ elllds.

0
We then let + — oo and employ the monotone and dominated convergence theorems to obtain f() <
E7[, cIllds+ f(I1})]. Note that f(7) < 1— 7 by assumption (and f(7) <min{l — 7, b+ f(m)}). Hence we
have

f(m) <E [/ cIT' ds + min{1 — TL, b+f(ng)”,
0
which implies that f(7) < D[ f](l, 7) since T above is arbitrary.

4.1. Explicit solution of (16) for / =0. The process I1° is deterministic and solves dIT°/ds = A(1 — I1%)
with IT = 7. Removing the expectation operator in (16) the problem becomes

t t
Qj[f](O,w)zinfmin{/ cngds+1—n<;,/ cH‘;ds+b+f(H?)}
t 0 0

(18)
t t
- min{inf/ e ds+1 I, inf [ cTI0ds +b +f(H?)}.
t Jo t Jo
The first infimum above gives the function U (0, 7). For the second infimum, we note that
a t
S| emtas ot g | = aam, ) = e+ e m)
since f,.(-) > «(1,-) by Assumption 4.1 (iii). Note also that x(/, 7) solves
a(m)k(l, ’7T)+%0'2(l, m)K, ([, ™) +cm=0 (19)

for every [ > 0, and therefore we obtain

o[ 1
6_t|:/o cngds+b+f(n?)} > 301 M, (1L IL) = 0,

Ay
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where the last inequality follows because 7+ (I, ) is (strictly) decreasing for every [ > 0. This implies that
the infimum is attained at t =0 and

2110, 7) = min{U (0, 7), b+ f ()}, (20)

which also shows that 7 +— 9[f](0, ) is strictly decreasing and concave as it is the minimum of two such
functions.

Let us first assume that b > U(0,0) — f£(0). In this case, we have b+ f(7) > U(0, 7) for all 7 € [0, 1],
and 9[f](0,-) = U(0, -). Therefore, Z[f](0, -) has the explicit form given in (11), and it solves the variational
inequalities in (13). It also satisfies the properties given in Assumption 4.1 with [+ 1 replaced by O.

Let us next assume that the opposite inequality b < U(0, 0) — f(0) holds. On (0, Ay) = (0, A/(A +¢)), we
have U_(0, 7) = k(0, ) < k(1, w) < f,(7), and on [A,, A), U,.(0, 7) = —1 < f, () because f(-) is strictly
concave on [0, A] and f,(A—) = —1. Hence we observe that 7 > b+ f(7) — U(0, 7) is strictly increasing
for 7 € (0, A). Its value at 77 = 0 is strictly negative by assumption, and its value at 77 = A is clearly equal to
b > 0. Therefore, there exists a point By[f] < A, at which b+ f(-) intersects with U(0, -), and

D10, m) =b+ f(m) <U(0,m) on [0, By[f]),
Df10, m)=U(0, ) <b+ f(m) on (By[f]. 1].

There also exists a point
Ao[f]:=max{A,, B[f]}, where B[f]:=min{me[0,1]: b+ f(m)>1—7} <A (21)

such that 9[f](0, ) = 1 — 7 to the right of the point A,[f]. If b+ f(A,) —U(0, Ay) <0, then By[f] = A,[f] =
B[f]. Otherwise B,[f] < Ao[f] = A, and D[ f](0, 7) = U(0, m) < min{b+ f (), 1 — 7} for 7 € (By[f], A[f]).
In either case D[f](0, ) is strictly concave on [0, Ay[f]) because of strict concavity of f(-) and U(O,-),
respectively, on [0, A] and [0, A,].

The function Z[f](0, -) is clearly not differentiable at 7 = B,[f]. At other points, it inherits its smoothness
from f(-) and U(O0, -); that is, it is twice continuously differentiable except possibly at finitely many points where
it is still continuously differentiable. For 7 € (0, By[f]) € (0, A), we have Z[Z[£]](0, 7) + cm = ZL[f](0, m) +
cm > 0 since f(-) is strictly concave on this region; see (17). Provided that (B,[f], A,[f]) # @ (that is,
Ao[f]=A,), on this interval we obviously have Z£[Z[f]](0, m) + cm = L[U](0, 7) + ¢ = 0. Also, for 7 €
(Alf], D) S (Ag, ) =N/ (A+0), 1), D[f](0,7) =1—a and L[D[f]](0, 7) +cm=—A(l—7)+cm>0.

Finally, because f,(-) > k(1,-) by Assumption 4.1 (iii) and U, (0, -) = max{k(0, -), —1}, it follows that
(2[£1(0,)),, = k(0,-) on (0, D\{B[f]}. Hence, the function [ f](0, -) satisfies all the properties in Assump-
tion 4.1 with [/ 4+ 1 replaced by 0, except that it is not differentiable at B,[f]. The following corollary is now
immediate, and it summarizes the case for [ =0.

PROPOSITION 4.1.  The function D[ f](0, -) is concave and strictly decreasing. If b > U(0,0) — f(0), then it
equals U(0, -) and solves the variational inequalities in (13), and satisfies Assumption 4.1 with [ + 1 replaced
byl](z.b < U(0,0) — f(0), then it still satisfies Assumption 4.1 with [+ 1 replaced by 0O, but is not differentiable
at the intersection point By f] of the functions b+ f(-) and U(0, -), and solves the variational inequalities

Pf10,m) =b+ f(m)<1—m7
Z[D[f110, 7))+ cm >0

D10, 7) <min{b+ f(7), 1 — 7}
LI, 7)+cm =0

D10, 7) =1—m7 <b+ f(7)
ZI2If0, 7)+cm >0

}, 7 € (0, By[f]),

}, 7 € (Bolf], Aolf D (22)

}, 7 € (Alf]. 1),
where A,[f]=max{A,, B[f]}.

Ay
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4.2. Solution of (16) for /> 1. As in the case for [ =0, let us firstly assume that b > U (I, 0) — f(0). Recall
that this inequality implies b+ f () > U(l, ) for all 7 € [0, 1], and we obtain

£, 7) > inf[E[/T eIT'dt +min{1 — IT., U(1, ng)}] - inf[E[/T el dr+ U(l, Hg)] (23)
T 0 T 0

Using the variational inequalities in (13) it is easy to show that the last infimum above equals the function
U(l, 7). This implies that %[ f](I, 7) = U(/, ) thanks to Lemma 4.1. Hence the function %[f](l, -) solves the
variational inequalities in (13) and it satisfies Assumption 4.1 with [+ 1 replaced with .

In the remainder, we solve the problem in the more difficult case where b < U(l,0) — f(0). For notational
convenience, let us introduce

Hy[f1(1, ) 1= eV WDa® [ r (BY — (1, B)Je PNV WD™ 4 (1 7), we[0,1], Be(0,4), (24)

which solves the equation

I(Hy[f1(, 7))
am

a(m) 1) + 301 ) rem=0,

for 7 € (0, 1), and with the condition Hyz[f](l, B) = f,.(B). (25)

Note that f,(B) > k(I + 1, B) > ([, B), and the mappings 7 > e~ @/#)2(™) and 7 > k(I, ) are decreasing.
Hence, 7+ Hp[f](l, ) is strictly decreasing. As 7\ 0 and 7 7 1, Hp[f](l, 7) goes to oo and —oo, respec-
tively, and its value at m = B is strictly greater than —1 since B < A. Therefore, by continuity there exists a
unique point, call Ay € (B, 1), such that

Hy[f1(l, Ap) =—1 (26)
and Hy[f](l, 7) is strictly less (greater) than —1 for 7 > A (for m < Ay).

COROLLARY 4.1. Recall that A, is the unique root of the equation k(l, w) = —1. Since f,.(B) > k(l+1, B) >
k(l, B), it follows that Hy[f](l, 7) > k(l, 7) for m <1, and Ay > A,.

THEOREM 4.2. The mapping y > eV (#)a() [f>() —k(l,y)] is strictly increasing on (0, 1). Therefore, for
By < By, Hy [f1(I, m) < Hp,[f1(l, 7) on € (0,1) and Ap < Ay,.

Proor. Recall that f,(-) is continuous and f,,.(-) may fail to exist at finitely many points only. Hence, it
is enough to show that the derivative of the expression above with respect to y is strictly positive, wherever it
exists. To this end, we have 9]¢/ (#*)a() [fw(y) — (1, y)]]/dy

_e(ZA/(luz))a(V)[f (y)+ a(y)f () — W(M,y)—;—);a'(y)K(l,y)}

| (27)
= @M/ )a0) [f ») + a ‘0 + —2]
Iw? y(1—y)
For y > A, we have f(y)=1—y and this yields
d 2 1
—[ePM U £ (y) — k(1 y)]] = eV I Na0) _Z_ : [ =y)+ey] >0
dy w2 y*(1—y)
since A>A,,, > A/(c+A). Fory <A,
O 0) + Lrn )+ 5 [L71(0.5) + o] (28)
—Q - B c s
2 T Ty T T ey (1= ) Ve
which is again strictly positive (see (17) and the argument following it for strict inequality).
For fixed B € (0, f_\), let us now introduce the function
b+ f(m), for0< w7 <B,
MB[f](l, 77_) = b+f(B)+/ (l Z)dZ, fOrB<7T§AB, (29)
b+f(B)+/ f1, z)dz+/ (=1)dz, for Ag<m<l.

Ay
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For B < <1, this function can also be written as b+ f(B) + [ G[f](l, z) dz, where
Gp[f1U, m) := max{Hy[f](l, m), =1}, 7 €[0,1]. (30)
By Theorem 4.2, 77 +> ¢2A e[ £ (1) — k(I, 7r)] is strictly increasing. Then for 7 < B we have
oM (pP)a(m) [f.(m) — k(l, 7)] < oM (in?)a(B) [£.(B)—k(l, B)]

and rearranging the terms yields f,(m) < Hg[f](l, 7). Clearly, reversing the inequalities gives f, () >
Hy[f1(l,w) for 7= > B. Hence, for m < A, the function My[f](l,-) can be written as b + f(0) +

"min{f, (z), Hg[f](l, )} dz, and for 0 < 7 <1 it can be represented more compactly as
0 T B

My[F10 ™) =b+ £ + [ T min{£,(2). GylF10. )} dz. G1)

LEMMA 4.2.  The function > Mg[f](l, ) is concave, strictly decreasing, and twice continuously differen-
tiable except possibly at finitely many points where it is continuously differentiable. Moreover (except at those
points) it satisfies

LM, 7))+ cm=0, forme (B, Ay),

(32)
LIMF1I( ) +cm >0, for me (0, B)U (A, 1).

On [0, B), it equals b+ f(7) and therefore it is strictly concave. On (B, Ap), it is strictly less than b+ f (1)
and strictly concave. Finally, on (Ag, 1] it is linear with slope —1 and again strictly less than b+ f ().

PrOOF. By construction, the function is twice-continuously differentiable except possibly at finitely
many points where it is continuously differentiable. Its derivative is bounded above as (Mg[f]),(l, 7) =
min{f, (), Gz[f](l, m)} < f.(7) <0 for 7 € (0, 1). Recall that 7 +— Hy[f](l, 7) is strictly decreasing. Then
7+ Gg[f](l, ) is obviously nonincreasing and as the minimum of two nonincreasing functions so is 7
(My[f1) (1, 7). Hence, (Mg[f])({,-) is concave and strictly decreasing.

For 7 < B, My[f](l, m) = b+ f (1), which is strictly concave since B < A. We also have Z[M[f]](I, 7) +
¢ > 0 because f,,.(-) <0 on this region (Wherever the second derivative exists); see (17).

For 7 € (B, Ay), the function 7 +— My[f](l, ) solves L[Mg[f]](l, ) + ¢ =0 by construction since its
derivative Hy[f](, -) solves the Equation (25). Hg[f](l, -) is also strictly decreasing and strictly less than f,.(-)
on this interval. Therefore, the function Mg[f](I, -) is strictly concave and stays below the function b+ f(-).

On 7 € (A, 1], Mg[f](l,-) is linear with slope —1 (see (29)). Because My[f](l, Ay) < b+ f(Ap) and
f-(-)=—1, it follows that M,[f](l,-) <b+ f(-) on this interval as well. Moreover, we have

LIMG[FINUL m)+cmr=A1—m)(—=1)+c7m >0,

since Ay > A, > Ay=A/(A+c) (see Lemma 3.1 and Corollary 4.1).

COROLLARY 4.2.  The collection of functions (My[f](L, -)) pe(o, 4) is monotone and nondecreasing in B thanks
to the monotonicity of B+ Hg[f](l,-) and B+ Gy[f](l,-) (see Theorem 4.2 and the definition of Gg[f](l, ")
in (30)). Moreover, for B < , we have

Myl ™) =b+fB)+ [ Gyl 2)dz.

which clearly shows that Mg[f1(l,7) /' b+ f(m) as B /' .

LEMMA 4.3.  The mapping B — My[f](1, 1) is continuous and strictly increasing on (0, A). We have

}gi{‘r(l)MB[f](l, )=b+f(0)—-U(,0)<0 and My[f](,1)>0,

where B[f] is given in (21). Therefore there exists a unique B € (0, B[f]) such that Mg[f](1, 1) is equal to zero.
That is, T+ My[f](l, m) is tangent to the curve w+> 1 — 7 at the point Ay (given in (26)) and coincides
with it thereafter.

Ay
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ProoF. For B, < B, < A we have Gy [f1(L,+) < Gg[f1(,-), which implies that My [f](l,m) —
My [f1(L, ) = 0 for o € [0, 1], and that 7 +— My [f](I, m) — My [f](l, ) is nondecreasing. In particular, for
7 € (B,, B,), we have

My, [F1(L, ) — My [f1(L, 7)]

am

= min{f (), G,[f1(L, )} — min{f, (7), Gy [f1(L, 7)}
= fa(m) = Hg [f1(, 7) > 0.

Therefore My, [f1(1, m) — My [f](l, ) > O for all 7 > B, and with 7 =1 this shows that B+ Mp[f](l, 1) is
strictly increasing. )
Observe that (B, 7) — min{f, (), G4z[f](l, 7)} is bounded and jointly continuous on (0, A) x [0, 1]. Hence

B M1 ) = b+ £(0) + [ min(f (), Gyl1(L D) d

islcontinuous on (0, A). As B goes to 0, we have Hy[f](I,-) \yk(l, -) pointwise, and M,[f](l, 1) /' b+ f(0)+
Jo min{f,(z), max{k(l, z), —1}}dz thanks to the bounded convergence theorem. Because f, (-) > max{k(l +
1,:), =1} >max{k(l+1,-), -1} =U,(l, -), we can rewrite this integral as

/01 min{ £, (), max{x(l, ), —1}}dz=f0] U,(1,z)dz=—-U(1,0),

since U(l, 1) = 0. Therefore, as B goes to 0, M;[f](l, 1) decreases and goes to b+ f(0) — U(l,0), which is
strictly negative by assumption.

Recall also that Mg, [f](/, B[f]) =b +f(l_?[f])_since B[f] =min{m € [0, 1]: b+ f(7) = 1 — 7}. More-
over, because B[f] < A, we have (My[f]), (L, B[f]) = f(B[f]) > —1. Together with the lower bound
(M [ fD7(l, ) = —1 for a € (0, 1) this implies that the function My, [f])(l,-) stays strictly above the
function 1 — a7 for 7 > B[f], and therefore My ,[f])(/,1) > 0. )

Hence, we conclude that the mapping B — Mg[f](l, 1) is continuous on (0, A) and strictly decreasing
with limg. o Mp[f](1,1) = b + f(0) — U(1,0) <0 and My[f](l,1) > 0. Therefore there exists a unique
B € (0, B[f]), for which Mg[f](/,1)=0.

For notational convenience let M*[f](l, -) denote the function My[f](l, ) for the unique value of B described
in Lemma 4.3. Corollary 4.3 summarizes the properties of the function M*[f]({, 7). They follow directly from
Lemmata 4.2, 4.3 and Corollary 4.2. Using these properties we show in Remark 4.2 that D[ f](/, -) = M*[f](L, -).
Hence, to be consistent with the notation in §4.1 (case [ = 0), we let B,[f] denote the unique B given in
Lemma 4.3 and A,[f] denote the point Ay /.

CoOROLLARY 4.3. The function 7+ M*[f](l, ) is strictly decreasing and concave. It satisfies the varia-
tional inequalities in (32) with B and Ay, replaced by A,[f] and B,[f], respectively.

Because M*[f](I,1) =0 and B,[f] < B[f], we have the bounds 0 < M*[f](l, ) < min{l — 7, b + f(7)}.
For m < B)[f], it equals b+ f(7) <1 — 1, it is strictly concave, and we have (M*[f]),(l,7) = f.(7) >
k(I 4+ 1,m) > k(l, 7). On (B,[f], A[f]), M*[f](l, ) is strictly concave and strictly less than min{l — 7,
b+ f(m)}. Moreover (M*[f]),(l, m) = Hy s[f1(l, m) > k(l, 7) . Finally, for m > A/[f], M*[f](l, m) equals
1 —m <b+ f(m) and we have (M*[f]) (I, m) = —1 > k(l, ) since Ay ;y=A|[f]> A; see Corollary 4.1.

REMARK 4.2. The function M*[f](l, -) coincides with the value function %[ f](l, -), and the exit time of IT’
from the interval (B,[f], A,[f]) is an optimal stopping time for the problem in (16).

Proor. The function M*[f](l, -) satisfies (32), it equals min{b + f(7), 1 — 7} for 7 & (B,[f], A,[f]), and

it is strictly below min{b + f (), 1 — 7} for 7w € (B,[f], A,[f])- Then the result follows from a straightforward
application of Itd Lemma and it is omitted here for conciseness.

Ay
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The identity D[ f](l,-) = M*[f](l,-) in Remark 4.2, the properties of M*[f](l,-) in Corollary 4.3, and the
inequality Z[f](/,-) < U(l,-) in Lemma 4.1 imply that 7 — [ f](/, 7) satisfies the properties in Assump-
tion 4.1 with [+ 1 replaced by I. Moreover, we have

Ifll, m)=b+f(m)<l—m
L2, 7m)+cm >0

Df1(1, ) <min{b+ f(7), 1 — 7}
LIDIfU, 7m)+cm =0

DfI,m)=1—m7<b+ f(7)
LI, 7m)+cm >0

}, 7 € (0, B[f]),

}, e (Bf], AlfD, (33)

}, 7€ (A[f]. 1)

Corollary 4.2 summarizes the properties of Z[f](/,-) when [ > 1, and it concludes §4.

PROPOSITION 4.2.  For | > 1, the function D[f](l,-) satisfies the properties in Assumption 4.1 with [+ 1
replaced by 1. If b> U(1,0) — f(0), D[f]1(L, ) equals U(l,-), and it solves the variational inequalities in (13).
Otherwise it coincides with the function M*[f](l,-) and satisfies (33), where B,[f] is the unique B solving
My[f1(1,1) =0 and A,[f] is the unique point solving Hpy,[f](l, A)[f]) = —1 (see (26)).

5. Construction of the value function. For large values of / we expect that it is never optimal to add
a new sensor as its cost will exceed its benefit (i.e., reduction in the Bayes risk). Therefore, for large I, we
expect to have V(/,-)=U(l,-) =Z[U(l + 1, )] where the last equality holds if U(l,-) <U(I+1,-)+ b; see
Proposition 4.2. With this expectation in mind, let us define

L,:=max{l>0: U(l,0)—U(I+1,0) > b} (34)

with the convention max @ = —1, and let us define the function F(-, -) on {0, 1,2,...} x [0, 1] with

DIF(I+1,9)] for <L
F(l, 77_) — [ ( +1, )]( ’ 77)? or [ = Ly, (35)
u(,-), forI>L,+1,
as a candidate for the value function in (5). Observe that L, is finite and bounded above by
L,:=min{l>0: b>U(l,0)}. (36)

For each [ > L, + 1, the function F(l+1,-) =U(l + 1, -) clearly satisfies Assumption 4.1, and U(/,0) <
F(I+1,0)+ b by the definition of L, in (34). Hence, we have D[F(I+1,-)](l,-)=U(l,-)=F(l,-). Also, the
results in Proposition 4.2 (and Proposition 4.1) about the variational inequalities obviously apply due to identity
F(l,)=U(l,-) as well.

Forl<L,, F(l,-)=9[F(l+1,-)](l, -) by construction. Assumption 4.1 holds by induction since F(L,+1, -)
satisfies the same assumption, and Assumption 4.1 is preserved under the dynamic programming operator. Hence,
the variational inequalities described in Propositions 4.1 and 4.2 are also valid for [ < L,.

Note that if L, > 0, we have U(L,,0) > U(L,+1,0) +b=F(L,+ 1,0); see (34), therefore F(L,,-) is
different from U(L,, -). However, for some 0 <[ < L,, the function F(I,-) may still be equal to U(l, -) as the
inequality U(/,0) < F(I+1,0)+ b may hold.

PrROPOSITION 5.1. We have F(l,-) = D[F(l + 1,-)](l,-) for all 1 > 0. Hence, F(I +1,-) < F(l,-) <
F(l+1,-)+b for all 1 > 0 thanks to Theorem 4.1.

PROPOSITION 5.2.  For every | > 0, let us define

Af =

A[F(I+1,9)], fFI+1,00+b<U(l,0)
A, otherwise '

(37)
. __{B,[F(Hl,.)], ifF(l+1,0)+b<U(l,0)}
1 -— b

undefined, otherwise

Ay
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where A, is the boundary of the continuation region of the static problem in §3, and A[F(l+1,-)], B[F(l+1,-)]
are the points described in Propositions 4.1 and 4.2 with f(-) replaced by F(I+1,-). If F(14+1,0)+b> U(l,0)
the function F(l,-) equals U(l,-) and solves the variational inequalities

{ F(l, ) <1—7T}
, me(0,A4)),
ZIF(, )], m)+cm =0 38)
{ F(l,m) =1—7T}
. me(An1).
ZF(U, ), m)+cm >0
Otherwise,
F(l,7T)=b+F(l+1,7T)<1—7T}
. me(0,B)),
ZIF(L, )], m)+cm >0
F(l,m) <min{b+ F(I+1,m),1 — 7} }
. mEe (B} A)), (39)
LIF(, )], m)+cm =0
F(l,m)y=1—m7<b+F(+1,m)
LIF(L, ), 7)) +cm >0 } (4.1

Using the properties of F(-, -) given in Propositions 5.1 and 5.2 we now prove that the function F(-, -) is
the value function of the problem in (5). We also present an optimal sensor installation and detection policy.

PROPOSITION 5.3.  We have V (I, 7) = F(l, 7) for every | >0 and 1 € [0, 1). In terms of the hitting times

rli=inf{r > 0; II! > A7},

z inf{t>0;II' < By}, if F(I+1,0)+b<U(0) (40)
Tg 1= ,
s 00, otherwise
an optimal sensor installation policy 6* = (1, 75,...) and optimal alarm time T* are given by 75 =0,
L { (T§+n—1 1{T§+n—l<7‘{‘+u—l} + 001{72+r1—l<7§+n—1}) o 07:71 if T:zll < 0 } .
> Y=o (41)
TN = Z(Tl+n1 I+/z<TAé+n}) o 07:; . 1{7,’;<oo}’
n=0
where 0, is the shift operator with I1' 0 §, = l_I[+Y for every t,s >0 and [ > 0.
PrOOF. Let 8 = (7,,7,,...) be any admissible sensor installation policy and 7 be an [F?-stopping time.

Then,
E[F(3(r A1), TIL3) — F(I,m)] =EX_ 1,

n=0

First, we note that E 1y, ., \[F(LLIIL2) — F(l, m)] =

F(I+n,115%) — F(1, m)]. (42)

{Tp<TAt<7,41} [

TAL
Vosrsrcny [ N T ds 2 gy [ (el as, 43)

and this holds even when [ =0 (recall that F(0,-) is not differentiable at Bj; see Proposition 4.1). Next, for
n>1, we have

El <onscny [P T15) — F (1)

=E1(; <rnrery) [F(l+n -2y —F(1+n,11% 3)

n—1

+ Y (F(+k T2 )= F(I+k,T1 ))+Z(F(l+k+1 L2 )= F(I+k, HTM_))}
k=0 k=0

>—b

Ay
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TAL
z[El{r,,smzq,m}[/ ZIF(I+n,)](I+n,10" B)ds—i—Zf LIF(I+k,)](1+k,TT" 5)ds—nb}

Tn

> 7<rl_l§‘ ° > 7<rl'l§‘ °

TAL
2|E1{T’IS’T/\[<T"+]}[/0 (_CHs)ds_nbi| (44)

Substituting the inequalities in (43) and (44) back into (42) yields

TAL

EF(8(tAt), TTI°2) — F(l, m) > EUW(—CHQS) ds — b3(1 A t):|.
0

)<1_H16

2o, we obtain

Next, using the inequality F(8(7 A1), 1142

TAL
TN
F(l,m) < [E[/o el ?ds+bd(r A )+ (1 — H’Tf,)]
Finally, letting t — oo, we have
F(l,m) < [E[/ cllh?ds + b&(7) + (1 — H’;ﬁ)},
0

thanks to monotone and bounded convergence theorems. This further implies that F(/, 7) < V(I, 7). For the
policy 6* and the alarm time 7* in (41), the inequalities above hold with equalities.

Proposition 5.3 indicates that, for a given number of sensor [/ > 0 we first check whether U(/,0) <
V(I 4+ 1,0) + b. If this holds, we do not install any new sensor and we apply the detection policy in §3; that
is, we stop the first time the process IT" exceeds the level A} = A,. Otherwise, we wait until the exit time of
IT' from the interval (B}, A}). If the detection boundary A} is crossed first, we stop and declare the change. If
the left boundary B} is crossed instead, we instantaneously add a new sensor and proceed optimally with /4 1
sensors this time. This procedure is repeated until the conditional probability process hits one of the detection
boundaries A*’s.

Since F(0,-)>--->F(l,.)>F(I+1,-)>---, we have A{ <--- < Af <A} | <---.However, when they are
well defined, such an ordering does not necessarily hold for sensor thresholds B}’s as our numerical examples
illustrate in the next section. Hence, the continuation regions (Bj, A7)’s are not necessarily nested, and upon
hitting a sensor threshold more than one sensor may be added.

If the unit sensor installation cost b is rather small, then the upper bound ib in (36) on L, can be very large.
A tighter upper bound Z,h on L is given by

i, :=max{l > 0; /01 %fo rlz)z(l —exp{%[a(x) (y)]l(l+ 5 }) dzdy > b}, (45)

because the double integral in (45) is decreasing in /, and
U(1,0) — U(L+1,0) :/Ol(min{—K(l,y), 1} —min{—«( + 1, y), 1})dy
< [ 1.0~ k() dy
[ 5] | e - a(y)]}(l—exp{ (0() ~ @O s | ) gz

L5 oo

implies that L, =max{l/ > 0; U({,0) —U(I+1,0) > b} < L,.

Ay
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Step 0. Compute the upper bound Lb in (45) on L, and
L,=max{l€[0,L,); U(l,0)—U(I+1,0) > b}

with the convention max @ = —1. Set V(I,-) =U(l,) for every [ > L, + 1. Let Ay = A, and By
be undefined for [ > L,. If L, = —1, stop, otherwise set [ = L,.

Step la. f b+ V(I+1,0)>U(1,0), set V(I,-)=U(l,-). Let Ay = A, and B} be undefined.
Step 1b. If b+ V(I+1,0) < U(I,0), let B be the unique root of

B»—>b+V(l+l,B)+/Bl Gy[V(I+1,)](l,z)dz=0

for B e (0, B[V(I+1,-)]), where B[V (I+1,-)] is given in (21). Set

V({l,m) =M [V(I+1,)](, )
b+V(I+1,m), if 0<m <Bj,

b+V(I+1,B) +/ GplV(I+1,)](2)dz, if B <m <1,
5

I+1
GBT[V(Z +1,-)](l, A)=—1 or unique A € (A,;, A7,,) such that HBT[V(I +1,9](, A)=—1.
Step 2. Replace [ with [ — 1. If [ > 0, go to Step 1; otherwise, stop.

where G [V (I +1,-)](/,-) is given in (30). Let A} be the smallest A € (A, A7) for which

FIGURE 1. Numerical algorithm to solve the sequential sensor installation problem in (5).

6. Numerical examples. The iterative construction of the value function in §5 is concisely described in

Figure 1. In this section, we use that algorithm to illustrate
(i) savings of optimal sequential sensor installation policies over optimal static sensor installation policies,
(ii) iterations of the method and distinct shapes of no-action spaces,

(iii) shapes of the optimal sensor addition regions as the cost parameters ¢ and b jointly change.

In the basic numerical case, we set A =0.001, uw =1, ¢ =0.1, and b =0.01. In the real applications, quickest
detection of infrequent changes is often of more interest and our choice of the small A indicates that we expect
one change in every 1,000 time units. Later, each parameter is decreased and increased by several folds to
measure the sensitivity of the results to the parameter changes. The range of each parameter over which nontrivial
optimal sequential installation policies exist turns out to belong to some bounded intervals, which we find by
trial and error. We decrease and increase each parameter one at a time by several folds and calculate optimal
static and sequential installation policies as long as optimal sequential sensor installation policy strictly beats
the optimal static sensor policy for at least some values of the prior probability of change at time zero. Those
parameter choices are reported in Table 1 along with maximum percentage savings of optimal sequential policy
over optimal static policy in the sixth column, type of no-action spaces in the sixth column, and the number of
iterations of the algorithm in the last column. The base case corresponds to Case 5 in the same table.

(i) Savings of optimal sequential sensor installation policies over the optimal static sensor installation policies.
The sixth column of Table 1 reports the maximum percentage savings of optimal sequential sensor policies over
the optimal static sensor policies. In the optimal static sensor installation problem, the observer decides on the
number of sensors at time zero by solving the problem

mlin {bl + U(l, 77)} for every 7 € [0, 1]. (406)

In the optimal sequential sensor installation problem, the observer starts with no sensor (! =0) and adds new
sensors sequentially according to the optimal policy as described in (41). As a result, the total cost of optimal
sequential sensor installation policy becomes

V(0, 7) = min {bl+V(l,m)} forevery m€[0,1]. (47)

In (46) and (47), the minima are taken over the number of sensors to be installed at time zero. We define the
optimal initial static and sequential sensor numbers as the largest minimizers of (46) and (47), respectively.

Ay
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TABLE 1. Sensitivity analysis.

Case Maximum Nested Number of
no A w c b percentage savings no-action spaces? iterations
1 le—08 11.86 Yes 15
2 le-06 11.78 Yes 15
3 le-05 11.33 Yes 15
4 le-04 10.00 Yes 15
5 1e-03 1.00 1.00e-01 1.00e-02 8.04 Yes 14
6 le-02 6.34 Yes 12
7 le-01 4.58 Yes 10
8 le+00 1.74 Yes 5
9 0.25 0.00 No 40
10 0.30 0.70 No 37
11 0.50 5.47 Yes 26
12 0.75 7.45 Yes 18
13 1.33 8.11 Yes 11
1e-03 1.00 1.00e-01 1.00e-02 8.04 Yes 14
14 2.00 7.67 Yes 7
15 4.00 7.75 Yes 4
16 8.00 7.23 Yes 2
17 10.00 6.77 Yes 2
18 12.00 2.80 Yes 1
19 14.00 0.00 Yes 1
20 1.00e-04 0.00 Yes 1
21 1.00e-03 1.28 Yes 1
le-03 1.00 1.00e-01 1.00e—02 8.04 Yes 14
22 4.00e-01 5.90 Yes 28
23 6.50e-01 3.20 Yes 35
24 1.00e4-00 0.17 No 42
25 2.00e-04 5.98 Yes 108
26 3.00e-04 6.28 Yes 88
27 4.00e-04 6.49 Yes 76
28 5.00e-04 6.67 Yes 68
29 6.00e—-04 6.78 Yes 62
30 7.00e—04 6.92 Yes 58
31 8.00e-04 7.01 Yes 54
32 9.00e—04 7.10 Yes 53
33 1.00e-03 7.24 Yes 48
le-03 1.00 1.00e-01 1.00e—02 8.04 Yes 14
34 3.00e-02 6.26 Yes 8
35 5.00e-02 4.51 Yes 6
36 1.00e-01 1.01 Yes 4
37 1.50e—-01 0.00 Yes 3

This choice makes easier the comparisons of optimal initial static and sequential sensor numbers. Optimal initial
sensor numbers depend on the prior probability 7 of a change at or before time zero. These numbers are
calculated and plotted on the left in Figure 2 for the base case as a function of the prior probability 7 of a change.
The solid and broken step functions give the optimal initial static and sequential sensor numbers, respectively.
The gap between those lines is notable: on the 70% of the entire 7r-region, the optimal sequential installation
policy starts at time zero with least 28.57% fewer numbers of sensors than the optimal static installation policy.
The percentage savings

min, {bl+ Ul(l, 77)} —V(0, m)

100 x :
min, {bl+U(l, m)}

for every 7 € [0, 1]

of optimal sequential policy over the optimal static policy also depends on the prior probability 7 of a change
at time zero. Its plot on the right in Figure 2 indicates that the savings can be as large as 8.04% in the base case
example.

REMARK 6.1. Observe that the case 7 =0 is degenerate in the sense that the optimal sequential and static
policies perform equally well. In the optimal sequential policy, one installs /-many sensors for which V (7, 0) is

L
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lambda = 0.001, mu = 1.000, ¢ = 0.100, b= 0.010 lambda = 0.001, mu = 1.000, ¢ = 0.100, b= 0.010
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FIGURE 2. Optimal initial static and sequential sensor numbers (on the left) and percentage savings of optimal sequential policy over the
optimal static policy for the base case example (Case 5 in Table 1).

one sided. This means, for that value of I, V (I, -) coincides with U(l, -). Hence, optimal sequential policy can
be replicated by the optimal static one. As pointed out in Remark 3.1, sensors are useful when there are two
separate regimes to differentiate. For higher values of 7, an observer applying a sequential policy delays the
sensor installations. However, when 7 = 0, the disorder event will occur in the future with probability one, and
the investment in the sensors can be done upfront.

The sixth column of Table 1 lists the maximum over prior change probability 7 € [0, 1] of percentage savings

min, {bl +U(l, 77)} —V(0, m)
max 100 x -
mel0.1] min, {bl +U(l, 77')}

of optimal sequential policies over optimal static policies for each of 37 cases. The largest percentage savings
observed in 37 cases was 11.78% and continues its steady increase as the disorder rate A decreases to zero; see
the upper left plot in Figure 3.

Each panel of Figure 3 reports the maximum percentage savings of optimal sequential policies over optimal
static policies as one of the parameters changes whereas others are kept the same as in Case 5 of Table 1.

In the upper left panel, the percentage savings always increase as the disorder rate A decreases. This is indeed
intuitive; as A decreases, expected waiting time until a change increases. Therefore, there is more time to collect
observations and a sequential policy uses the resources more effectively. As A decreases, the percentage savings
increases to a number near 12%, which can be considered as a significant gain.

The remaining three plots of Figure 3 show that the percentage savings of optimal sequential policies first
increase and then decrease as u, ¢, or b increase.

In the upper right panel, the maximum percentage savings of optimal sequential policy over optimal static
policy is plotted as u changes. The savings are insignificant for very small and very large values of w. If w
is very small, then a sensor is very weak and conveys little information. Therefore, both static and sequential
policies lose significant amounts of power and the difference between their performances become minuscule. On
the other hand, as w increases, even a single sensor becomes very vocal in presenting the change, and only very
few sensors become adequate to detect the change time quickly. As a result, the savings of sequential policy
over static policy vanish as u increases. For the intermediate values of u, however, the percentage savings of
optimal sequential policies rest on a wide plateau near 8%, which again presents a significant gain.

The maximum percentage savings of optimal sequential policy over optimal static policy as the unit detection
delay cost ¢ varies is displayed in the lower left panel. Once again, the maximum percentage savings vanish if ¢
is very small or very large. If ¢ is very small, then there is a sufficiently long time to collect many observations
after the change happens. Hence, optimal static policy delays the alarm sufficiently long to reduce the Bayes
risk and its performance approaches to that of the optimal sequential policy (in the extreme ¢ = 0 case, the
static policy with no sensors attains zero Bayes risk). If ¢ is very large, then the problem is forced to terminate

L



Downloaded from informs.org by [139.179.72.75] on 29 June 2018, at 10:35 . For personal use only, all rights reserved.

RIGHTS

Dayanik and Sezer: Sequential Sensor Installation
844 Mathematics of Operations Research 41(3), pp. 827-850, ©2016 INFORMS

12 + 12 4

10 10 -

Maximum percentage savings
o
1

Maximum percentage savings
[«
1

0 - 0-
T T T T T mrrT T T T T T T

T T T
1e-08 1e-06 1e—051e—041e—-031e-02 1e—011e+00 0.25 2.00 4.00 8.00 10.00 12.00 14.00

lambda (in log scale) mu

Maximum percentage savings
(]
1

Maximum percentage savings
o
1

0+ 0

T T T T T T T
0.4000 0.6500 1.0000 2.0e—04 3.0e-02 1.0e—-01 1.50e-01

c b

T
0.0001

FIGURE 3. The maximum percentage savings of optimal sequential sensor installation policies over optimal static sensor installation
policies as each parameter in Case 5 of Table 1 varies one at a time.

very early and the sequential sensor installation policy does not have time to flourish. Hence, the savings of
optimal sequential policy is minor for very large ¢ values. For the intermediate ¢ values, however, the maximum
percentage savings of optimal sequential policy reaches 8%.

Finally, the lower right panel of Figure 3 presents the maximum percentage savings of optimal sequential
policy as the unit sensor cost b varies. The savings vanish if b is very small or very large. When the cost of
a sensor is small, one can install a large number of sensors at time # = 0 for a richer set of observations and
reduce the overall Bayes risk. In this case, a static policy will perform well, and additional savings of optimal
sequential policy will be slim. If b is very large, then adding a new sensor will be prohibitively expensive.
Hence, optimal sequential policy is very unlikely to install new sensors after r =0 either, and the savings of
optimal sequential policy will again vanish.

(i) Iterations of the solution method and distinct shapes of no-action spaces. Figure 4 displays the value
functions for the optimal sequential (solid) and static (dashed) sensor installation problems on the left and no-
action spaces for the optimal sequential sensor installation problems on the right for Cases 5 (base case), 24,
and 37.

The algorithm in Figure 1 iterates L, = 14, L, =42, and L, = 3 times, respectively. Therefore, it calculates
V(L,,:) =U(L,,-) as in Shiryaev’s problem and iterates backward as described in Figure 1. As it iterates

1T ‘f
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FIGURE 5. In Case 24 in Table 1 (also middle row in Figure 4), it is optimal to add two or more sensors instantaneously if the number
of sensors in place is 0-to-9.

backward, notice that the gap between V(/,-) and U(!, -) widens (compare the broken and solid curves on the
left labeled, respectively, with U(/, -) and V (I, 0) as [ decreases from L, to 0).

Those three cases are especially picked to illustrate the qualitatively distinct shapes of no-action spaces,
displayed on the right column of Figure 4. The vertical lines are the subintervals of [0, 1], the state-space of
posterior probability distribution, in which it is optimal to wait according to optimal sequential sensor installation
policy. Therefore, we call each of them a no-action space corresponding to the number of sensors currently in use.
The right-hand end-points of no-action spaces are connected by a solid curve and correspond to alarm thresholds:
if the posterior probability process leaves for the first time the no-action space from the right-hand end-point,
then it is optimal to immediately raise a change alarm. The left-hand end-points of the no-action spaces are
connected with a broken curve and correspond to add-new-sensor thresholds: if the posterior probability process
leaves for the first time the no-action space from the left-hand end-point, then it is optimal to immediately add
a new sensor, in which case the posterior probability process jumps instantaneously and horizontally on to the
next vertical line (or its vertical extension) on the right, and this process continues.

In the upper row (Case 5), a new sensor is optimal to add if O-to-14 sensors are in place and is not optimal
to add if 15 or more sensors are already in use. The broken add-new-sensor curve is strictly decreasing; hence,
the no-action spaces are nested in the sense that it is never optimal to add two or more sensors simultaneously.

The pictures of Case 24 on the second line of Figure 4 give an example for a not-nested no-action spaces.
In this case, a new sensor is optimal to add if 0-to-42 sensors are in place and is not optimal to add if 43
or more sensors are already in use. More interestingly, the broken add-new-sensor curve firstly increases and
then decreases. That means, the no-action spaces are not nested and therefore, it is sometimes optimal to add
two or more sensors simultaneously. Figure 5 shows in more detail the broken add-new-sensor curve and the
precise number of sensors optimal to add for each possible number of sensors in use; if currently one sensor is
in place and the posterior probability processes reaches the add-new-sensor region, then the optimal action is to
instantaneously install 18 new sensors. In the plot on the left of Figure 5, this action is shown by an arrow that
horizontally transfers the posterior probability process resting at the add-new-sensor boundary for one sensor in
use onto the no-action space corresponding to 1 4 18 = 19 sensors in use.

Finally, the last row of Figure 4 shows the optimal no-action space for Case 37 in Table 1. We now observe
that adding a new sensor is not optimal most of the time. In particular, for / > 3, because of the high cost of an
additional sensor, we do not install any sensor and the functions V(/, -)’s coincide with U([, -)’s.

(iii) Shapes of the optimal sensor addition regions as the cost parameters ¢ and b jointly change. Figure 6
displays optimal add-new-sensor boundary values as a function of the number of sensors in use and the cost
parameters ¢ and b. More precisely, it shows for each fixed number / =0, 1, 2,5, 10, 15, 20, 25, 30 of sensors
in place (marked on the upper right-hand corner of each panel) the contour lines of optimal add-new-sensor
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S
ug boundary point Bf = B (c, b) on the (c, b)-space for the base case example (Case 5 in Table 1). For [ =0, the
= contours are hyperbolic types of curves. This implies that no matter how high the value of ¢ (or b) is, there is
o always a value of b (or ¢) for which new sensors are optimal to be installed. However, this structure disappears
3 if at least one sensor is already in use. For / > 0, in order to justify additional sensor(s) installation, » must
T be sufficiently small at every given level of c. In general, the contours show that, for fixed value of c, as b
% increases the thresholds decrease and installation of new sensor(s) becomes less attractive.
% When b is fixed, in most cases, the threshold firstly increases then decreases as ¢ increases. From small to
@]

moderate values of ¢ because the problem may terminate relatively early, we may also prefer to install the sensors
early. However, after some level, high values of ¢ may hurt the observer and cause her to stop the problem
earlier, in which case installation of new sensors may add very little value and is increasingly discouraged. A
final remark is that as the number of sensors increases, the contour lines flatten out. This suggests that the size
of the region where it is optimal to add new sensors is largely determined by the unit sensor cost b.

7. Some extensions. In our formulation, we assumed for simplicity that all sensors are identical devices
with the same postdisorder drifts, and they yield uncorrelated signals. In practice, the observer may have different
types of sensors (with different postdisorder drifts) available at different prices. This makes the problem even
more difficult. In this case, it is appealing to order them based on the unit cost per signal-to-noise ratio. However,
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such an approach may not be optimal. The problem with correlated observations, on the other hand, can be
reformulated in terms of nonidentical sensors. If we collect observations from /-many sensors in the form

dX, =il dt+dW,  1>0

for a column vector 7 of constants, and an [-dimensional correlated Brownian motion W having a positive
definite correlation matrix C with § := C'/2, then, the scaling Z, £ S~'W, yields a standard (uncorrelated)
I-dimensional Brownian motion. The observations can therefore be recast as

dY, =Sl dt+dZ,,  1>0,

as with uncorrelated sensors having possibly nonidentical postdisorder drifts. It is easy to see that an observer
will work with finitely many sensors at most since immediate stopping gives a uniformly bounded Bayes risk
1 —m <1 over m €[0, 1]. Hence it is sufficient to work with a finite dimensional matrix S.

We also assumed that the potential sites/locations for additional sensors are identical for the fusion center. Such
an assumption allows us to obtain an optimal solution without dealing with the problem of best sensor network
configuration every time a sensor is installed. Indeed, there is a separate literature on the optimal placement and
deployment of static and mobile sensors in (especially wireless) sensor networks for better network coverage,
reduced communication cost and energy consumption, more efficient target tracking, better data acquisition,
etc. We refer the reader, for example, to Gonzalez-Banos and Latombe [17], Chakrabarty et al. [9], Zou and
Chakrabarty [41], Dhillon and Chakrabarty [15], Lin and Chiu [22], Sheng et al. [29], Altinel et al. [1], Krause
et al. [21], Baumgartner et al. [4] and the references therein for various models and algorithms on optimal on-site
sensor deployment. Those studies also assume that the number of sensors deployed on the region of interest is
determined (or given) initially at time zero. That is, the problem of sequential installation of new sensors has
not been considered in that line of work, either. Therefore, we believe that the researchers in that area can also
benefit from the novel formulation of the current paper.

The framework presented in the paper can also extended to the mixed Wiener and compound Poisson obser-
vation case as in Dayanik et al. [14]. This corresponds to a setting where we have two types of sensors; one
yielding Brownian observations (as in the current paper), and the other providing compound Poisson observa-
tions whose compensator changes at the disorder time, say, from Ayds x v,(dy) to A,ds x v,(dy) for some
Ag» A, > 0 and measures v, and v, on B(R?).

When we collect observations from /y,-many Wiener processes XV, ..., X! and I,-many point processes
(TP, Y9D),o, j=1,...,1p, each forming a compound Poisson processes, the conditional probability process
IT° follows the dynamics

lw )
dI1? = A(1—112)di +11°_(1 —Hf_){Z/.L[dX,(l_) —pIl?_dr]

i=1

i/ [(A/Ag)(dv,/dv,)(z) —1]
o /R [(L=TI) +1I_(A, /Ag) (dv, [ dv)(2)]

pV(dt x dz) — (1 =112 ) Aydtvy(dz) —Hf)\ldtvl(dz)]} (48)
until the next sensor installation, where p(f) is the counting measure

PU(0, 1] x A):=>" 11 gua (T, YD), 120, AcBRY), j=1,...,1p.

n=1

The dynamics in (48) indicate that the effect of an additional Brownian observation is on the volatility
term, whereas a new Poisson process alters the drift term and introduces an additional source of discontinuity.
Therefore, it is not clear what type of sensor one should install when it is optimal to do so. One expects to have
a solution structure in which the answer depends on the current value of the conditional probability process at
this time and the number of sensors in place of each type.

The problem is three dimensional; at any time the current number of Poisson observations/sensors should also
be stored. For the minimization of the Bayes risk in (3) with different cost of sensors by, and b,, respectively,
for Brownian and Poisson observations, the dynamic programming operator takes the form

V(ly,lp, m) :=infE” [/ eI dr +min{1 — 12, by + V(I 4+ 1, Lp, TI0), by + V(1 Lo + 1, Hfo)}].
T 0

Ay
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This problem is difficult not only because the DP operator is an optimal stopping problem for a jump diffusion
but also because the value function needs to be constructed on the three-dimensional space.

Another direction of extension that one can explore is obtained by introducing a running cost term for sensors
in the Bayes risk. If there is a cost of p > 0 per unit time for running each sensor, then the static problem with
I-many sensors in place has the form

Ur(l, m) = inf E7 [/ (cI"® +plyde + 1 —1'[’7*5},
TelF! 0
which is the Lagrangian form of the constrained problem of minimizing the expected delay in detection subject
to false alarm and budget constraints
P{r<0}<a and plE[7] <B,

respectively. The latter constraint is generally omitted in the earlier work on Bayesian change detection because
the focus is primarily on the timely detection of the change (i.e., finding the right balance between late detec-
tion and an early false alarm). This term rather appears in the hypothesis testing formulation of Wald and
Wolfowitz [38], in which there is emphasis in the cost of collecting information. If the cost of running the
sensors are significant, then it may also be included in the formulation of a change-detection problem.

Using standard verification arguments, one can show that

1
UP(l, m) = / min{—«?(1, 2), 1} dz,
where

l l
KkP(l,m)= (1 + —p>K(l, T) — Tp
c

We already know that 7 — k(/, 7) is strictly decreasing with boundary conditions k(/, 0+) =0 and (I, 1—) =

—oo. Hence, 7+ k”(l, ) is also strictly decreasing with boundary conditions «”(l,0+4) = —(lp)/A and
kP(l,1-) = —o0.
If Ip < A (small observation cost), the unique root A} of the equation «”(l, ) = —1 always exists and

lies in the interval ((A —Ip)/(A + ¢), 1). If, however, Ip > A (higher observation cost), U?(l, 7) =1 — 7 and

immediate stopping is always an optimal action for all 7 values. Note that, under the classical formulation with

no proportional running cost, we do not have any case for which immediate stopping is optimal for all 7 values.
In this new setting, the dynamic programming operator has the form

DA ) = inf B [/T[cnﬁ + pl]dt +min{1 —I1., b+f(H’T)}}
Tel! 0

for a concave function f bounded from above by 1 — 7r. The mappings [ +— k”(l,-) and [ +— U”(l,-) are not
monotone and our analysis in §4 does not hold as it is. Understanding what kind of solution structure this
operator yields requires further analysis, which we leave for future research.
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